Abstract. This paper presents a straightforward top-down segmentation method based on a contour approach on histological images. Our approach relies on a digital deformable model whose internal energy is based on the minimum length polygon and that uses a greedy algorithm to minimise its energy. Experiments on real histological images of breast cancer yields results as good as that of classical active contours.
Introduction
Breast cancer may be one of the oldest known forms of cancerous tumors in humans. Worldwide, breast cancer is the second most common type of cancer after lung cancer and the fifth most common cause of cancer death. Prognostic and diagnosis largely depend on the examination of stained tissue images by expert pathologists, which is time consuming and may lead to large variations. Therefore, it is essential to develop Image Decision Guided Systems to assist prognostic, diagnostic and early detection of cancer by automatically analyzing images of pathological tissue samples. One important prognostic factor for pathologist is the assessment of cellular proliferation by calculation of a mitotic grade [1] . To that aim, histological slides are stained by Immunohistochemistry that stains cells in proliferation in brown and other cells in blue. To establish an accurate mitotic grade, one has, in addition to mitosis detection, to properly detect cancer cells clusters (clusters of tumoral cells) to evaluate the mitotic grade only in tumor areas of the tissue. In this paper, we focus on the segmentation of cancer cell clusters in breast histological images. In literature, such a task is performed with machine learning Fig. 1 . Cancer cell clusters with cells in proliferation stained in brown methods [2, 3] . Alternatively, we propose a top-down contour based approach using a digital deformable model [4] . On digital curves, using a direct analog of the classic energies of [5] is difficult for the expression of the geometrical quantities, mainly length and curvature estimation, suffer many drawbacks, see discussion in [6] about the curvature estimation. As a result, the internal energy term which usually monitors the smoothness of the curve does not behave as expected. Even when considering digital estimators that are asymptotically convergent on digital curves (see [7] ), they often lead the evolution process to non-significant local minimum. As a result we here consider a digital deformable model that benefits of an internal energy based on the minimum length polygon (see [8, 9] ) yielding a convex functional. As a result, a descent on the internal energy ensures a global minimum. On an open 4-connected simple path this global minimum is very close to the simplest digital straight segment linking the endpoints of the path.
The paper is written as follow, we first recall the definition of the digital deformable model (Section 2). Later-on we elaborate on our Top-Down approach on histological images (Section 3). Experiments illustrate the use of our digital deformable model on real histology images, in particular we compare our model with another internal energy and a with one of the classical active contour formulation using a greedy algorithm for the energy minimisation(Section 4). Eventually, we conclude on the benefits of the proposed approach and possible future works.
Digital Deformable Model
We here recall briefly the definition and main properties of a digital analog of active contours, (see [4] ). The geometry of our model is that of an simple oriented digital 4-connected open path Γ with its endpoints being fixed, says A and B. The endpoints of the path are not allowed to be moved, while the remaining points of the curve can be deformed using elementary local transformations. Those separates into three types : flips, bumps and flats. All of these can only be applied on points with the proper corresponding geometry such as inside or outside corners, flat parts or inside or outside bumps. Those features can be easily listed when the contour is read as a succession of straight moves, left moves and right moves. See Fig. 2 for an illustration of possible deformations on some specific contours. The admissible deformations of Γ are chosen such that they preserve its topology when applied and such that they are always reversible.
As an analog of active contour, the evolution of the model is monitored and highly dependant of the energy associated to Γ . This energy divides into two terms, one for the geometrical constrain over the curve (internal energy term E int ) and one for the fit to the underlying datas (image energy term E image ).
In the case of parametrized curves on the Euclidean plane constrain energies are usually based of the length and the integration of the normal and curvature along the curve, that is
In digital space, it is difficult to find good curvature estimators on open contour, although there exists approaches which accurately estimate the curvature on closed digital contour such as the GMC in [10] (which is based on an optimisation scheme), or the Brunet-Malgouyres estimator in [11] (which uses binomial convolutions), these approaches are not suited to make a reliable estimation on the border of open curves. Moreover, as noticed by many authors (see for instance the geometric active contours of [12] ), the internal energy is in fact the length of the curve. Our digital analog to E int is therefore defined as the estimation of the length of Γ . This estimation is based on the euclidean length of the constrained minimum length polygon (CMLP for short) of Γ , that is the minimum length polygon in a one pixel wide band along Γ passing through its constrain points. The first and last vertices of the CM LP are respectively the first and last point of Γ . See Fig. 3 for an illustration of the CMLP.
Thus our internal energy becomes:
One important property of this energy is that it is convex (see proof in [4] ), that is, a descent on this energy always leads to a global minimum. This minimum is such that the CMLP of Γ is exactly the euclidean straight segment between the endpoints of Γ . The image energy term favors strong gradients and is defined as:
This energy term being positive everywhere, the tuning of the α parameter is eased with respect to length term.
Top-Down Segmentation for Histology Images
The minimisation of the digital deformable model relies on a greedy approach (see Alg. 1) being costly because of it requires to compute many times the CMLP of Γ . As a consequence, a top-down approach seems particularly suited. We here consider three levels of resolution, the size of the image being multiplied by four at the next level. At each level there are two phases: an initialisation and a minimisation based on energy criteria. At the first level, the initialisation is done via a binary mask image, from which we extract the initialisation paths. In fact we have several digital deformable modelsn to minimize at each level. Although we do not strictly preserve the topology of the initialisation, we prevent the paths to collide with one another. The initialisation at the other levels is obtained by scaling the paths resulting from the minimisation phase at the previous level, see Fig. 4 for an illustration.
The minimisation phase is straightforward: for a given path, we try all the deformations and apply the one that brings the smallest energy, we repeat this scheme as long as smaller energies can be found. 
Experiments
The binary masks at low resolution are obtained with a coarse segmentation algorithm. The latter performs an automatic binary thresholding by entropy on a simplified version of the image with a morphological opening by reconstruction, see [13] for a similar method.
Our first examples use the constrained minimum length polygon as internal energy. As the model explicitly uses a weighting coefficient, we have run our experiments with various values, as shown on Fig. 5,6 and 7. This coefficient is such that the smaller, the less the internal energy monitors the deformation, consequently for α equal to 400 the length penalisation overcome the data term. 5 . Results of the top-down segmentation process using the value 400 as balance term, the internal energy term is based on the CMLP. From left to right and top to bottom: image at level 0,1 and 2 with initialisation, image at level 0,1 and 2 after minimisation. The high value of α penalise the length of the contours, smoothing the contours too much, only top-left contour seems to be correctly delineated. Fig. 6 . Result of the segmentation using the value 150 as balance term, the internal energy term is based on the CMLP. From left to right and top to bottom: image at level 0,1 and 2 with initialisation, image at level 0,1 and 2 after minimisation. Top-left and bottom-left contours are correctly delineated. Fig. 7 . Results of the top-down segmentation process using the value 100 as balance term, the internal energy term is based on the CMLP. From left to right and top to bottom: image at level 0,1 and 2 with initialisation, image at level 0,1 and 2 after minimisation. Global delineation of contours is correct. Fig. 8 . Results of the top-down segmentation process using the value 100 as balance term, the internal energy term is based on the length of the freeman code of the path, other positive values for the balance term bring very similar contours. From left to right and top to bottom: image at level 0,1 and 2 with initialisation, image at level 0,1 and 2 after minimisation. Although the global delineation seems correct, the obtained contours are not smoothed at all. Fig. 9 . Results of the top-down segmentation process using the deformable model described in [6] . Parameters are such that (α, β) equal (0.1, 0.45), the neighborhood is chosen as a 3×3 square, and minimisation is done until no smaller energy can be found. In order to compare our results we have also run the same experiments using another internal energy. We have used a simpler internal energy which also leads to a global minimum. This internal energy is simply defined as the sum of the length of the freeman chain code constituting the path, that is the number of points of the path minus one. Using various positive coefficients as α, results are very similar and the paths are much less smoothed than with the CMLP, as illustrated on Fig. 8 .
Finally we have run the experiments using one of the classic active contour method in the literature, [6] . In this the curve is approached by a polygon whose vertices have integer coordinates. The minimisation process uses a greedy algorithm, which is closer to our optimisation scheme than a variational method. The quantity being minimized by this approach is:
At each iteration, and for each vertex a fixed-sized neighborhood around the point is considered and the point giving the smallest value becomes the new vertex. The energy terms are such that small values of E cont causes the polygon points to be more equidistant and E curv is the estimation of the curvature using finite differences. The γ coefficient is chosen equal to one and E image (p) is chosen as max(||∇I||) − ||∇I(p)|| to ease the comparison with our approach. Between each level we also double the number of points of the model, obtained results are good considering that this method allows the end points of the polygon to move according to the minimisation process, as illustrated on Fig. 9 .
Conclusion
In this paper we have used a top-down straightforward approach using a digital deformable model to segment cancer cluster cells in histological images. The behaviour of our digital deformable model was shown to behave as the classic continuous active contours and shown to give similar results. Future work will focus on integrating our digital deformable model with topological map (following [14] ) so as to ensures that no topological changes may occur during the deformation of the contours. Once this step is achieved, top-down approaches on irregular pyramids such as [15] would be able to mix region and contour based segmentation process.
